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Cerium oxide-based slurries are crucial for chemical mechanical polishing (CMP) in 
electronic industry. For these slurry systems, poly(acrylic acid) (PAA) is heavily utilized to 
provide colloidal stability. Some of the important parameters in the colloid stability are 
molecular weight (MW) and concentration of stabilizer, size of the nanoparticle in the slurry 
and the pH of system. By determining the colloidal stability of a discrete number of slurry 
formulations and relating these to certain slurry component parameters, a possible model can be 
produced to predict the influence of these parameters on the particle stability. Direct 
quantification of colloidal stability is difficult, however, polymer adsorption has been well 
established to correlate with the stability and therefore it can be used to quantify the colloidal 
stability. 
For the current thesis, surface area of cerium oxide, molecular weight of PAA, and the 
relative weight fraction of PAA were varied in two different nanomaterial systems, such as 
nanocubes and nanorods. To obtain the best fit of these variables, as they relate to polymer 
adsorption, fittings were performed using two advanced modeling techniques; namely, artificial 
neural network and adaptive neuro-fuzzy inference system. The precision of these techniques 
were compared each other and with the more simple, though largely imprecise, multi-variable 
linear regression. It was determined that the GENFIS-3 model shows the best performance for 
describing polymer adsorption on the nanocube and nanorod systems with an average relative 
deviation of only 6.5%. Additionally, these models suggest that the relative fraction of PAA has 
the most significant effect on the stability of cerium oxide-based CMP slurries. The greater 
precision of these advanced modeling methods can explain the better slurry performance with 
iv  
greater colloidal stability. 
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CHAPTER ONE: INTRODUCTION 
1.1. Cerium oxide Nanoparticle (CNP) slurries in the CMP 
The main goal of CMP is selective etching of silicon dioxide (SiO2) over silicon nitride 
(Si3N4) using various slurries. CMP offers great application in the global planarization of metal 
or dielectric layers in electronic materials. CMP slurries require a high SiO2 and a low Si3N4 
removal rate (RR) to minimize the loss of nitride film. These slurries are composed of abrasive 
nanoparticles (usually silica or ceria) with some additives [1-3]. Optimizing composition of 
CMP slurries have been greatly investigated in the recent decade and require the understanding 
of the adsorption behavior of various additives in controlling the physical and chemical 
properties of slurries [1-3]. In this regard, there are different factors which should be considered 
while optimizing the formulation of CMP slurries. These factors are 1) Additive a) type of 
additive and b) Molecular weight (MW) and concentration of additive 2) size of nanoparticle 
(NP) 3) pH of slurry. 
(1). Investigation on additives: (a) Type of additive: dispersion stability and etching 
selectivity of NPs are the two most important factors in selecting the additives for the CMP 
process. Cost and environmental impact are also considered as other factors [4]. Besides, 
additives can prevent the formation of surface defects, corrosion of metal contacts, film 
delamination, organic residue, etc. This is the reason why additives are so important in CMP. In 
this regard, polymeric additives have attracted lot of interest [4-18]. They can decrease the 
topographical variations and the surface roughness of the abrasive nanoparticles [15-18]. This 
striking characteristic can help in preventing particle residue in CMP on a) wafer after 
polishing, b) micro scratches during polishing formed due to agglomerated particles and c) high 
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mechanical stresses at the wafer-polish pad interface during the planarization [15-18]. Some of 
the studies in CMP and those abrasives and additive are represented in Table1. 
Table 1: Summary of the studies in CMP indicating type of abrasives and additives. 
Slurry abrasives Additives Ref. 
Ceria or silica 
slurry 
Carboxylic acids such as :Acetic acid,  Adipic acid, 




Ceria or silica 
slurry 
Tetramethyl ammonium hydroxide (TMAH) 
And Hydrogen peroxide 
[1-3] 
 
Ceria or silica 
slurry 
Amino acids such as Aspartic acid, Glutamic acid, 
Glycine, Proline 
[13-16] 
Ceria or silica 
slurry 
Amino acids such as Cyclic amines, Pyridine HCl, 
Piperazine,  Imidazole 
[8-10] 
Ceria slurry 8-hydroxyl quinoline-5-sulfonic acid hydrate [1-3],[22] 
Ceria 
Poly(methyl methacrylate) (PMMA) salts and PAA 
salts 
[4,8,10,24,25] 
Among polymeric additives, derivatives of poly(methyl methacrylate) (PMMA) and 
PAA are the widely used polymers in the slurry compositions [4,8,10,24,25]. These additives 
which are called anionic polyelectrolytes (PE) provide high selectivity for SiO2 over Si3N4 
etching. In fact, PE presents negative charge in the neutral or slightly basic pH regime and can 
adsorb strongly on the positively charged nitride film and repel by the negatively charged silica 
film. So it can provide a high removal rate of oxide to nitride which is the primary goal of CMP.  
(b). Role of MW and concentration of the additives: MW and concentration have 
complex effect on rheological behavior of the system. It is clear that with increasing MW of 
polymers, viscosity and the shear rate of the slurry increases because of chain bridging and steric 
hindrance of polymers [26]. Consequently, it can be concluded that, higher Mw of polymer, with 
increasing polymer concentration, the slurry viscosity greatly increases, but in the case of lower 
MW with increasing polymer concentration, viscosity slightly increases. Consequently the rate 
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of increasing removal rate in higher MW is lower than that of lower MW additive. Increasing 
removal oxide to nitride from 5 : 1 to 19 : 1 for the polymer MW of  90000 and from  4 : 1 to 28 
: 1 for MW 15000 [26].  
Also, the possibility of agglomeration of abrasive size is low when we have the slurry 
with low MW and low concentration [26-28]. Because the particle agglomeration can have an 
adverse effect on the slurry selectivity [1-3], [8, 9]. 
In summary, lower MW of the polymer is better for higher removal rate. On the other 
hand, increasing the MW of the polymer increase the ionic strength of the polymer [29-30]. 
This ionic strength is very important for chain branching, because it connects the anionic 
polymer chains with the unsaturated carbon bonds which strengthens and stiffens the polymer 
structure. Besides, the addition of MW and concentration of polymer leads to polymer bridging 
between abrasive particles surfaces and increase the absorption performance and also removal 
rate [15, 17, 31]. So, it can be concluded that there is an optimum for MW and concentration of 
polymer [8, 17,3]. 
Also, MW between 2,000-50,000 is adequate, because the polishing rate of a silicon 
nitride layer increases for MW less than 2,000 and resulting in a drop of polishing selectivity. 
While, the polishing rate of a silicon oxide layer decreases if MW is greater than 50,000. 
Agglomeration of abrasive particle can be one of the reasons for such a decrease in the 
polishing rate [22].  
In the case of concentration, the optimum value can be considered in the range of 0.01 to 
10 wt % . However, the additive concentration is higher than 10% leads to significant decrease 
in rate of removal [19]. 
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 (2). Size of Nanoparticles (NPs): studies indicated that the removal rate could be 
increased by decreasing the size of NP [19, 20]. According to the recent studies, the size range 
for the NPs for the best polishing is in the range of 2 nm to 1000 nm. It has been shown that 
NPs less than 2 nm has very low polishing rate while anything bigger than 1000 nm causes 
serious scratches on the wafer [19].  
(3). Effect of pH: the change in pH will affect the zeta potential or the surface potentials 
on the NPs and lead to electro kinetic behavior of the slurries. The surface potentials of oxide 
wafer is negatively charged when pH >3, while the surface potential of nitride wafer is 
positively charged when pH <7. The wafers behave differently to the acidic environment. 
While, the nitride wafer attracts the charged slurry, the oxide wafer repels them.  
All in all, there are different factors in designing the abrasives for CMP slurries. In this 
regard, the adsorption behavior of additives on NPs is very important. These additives not only 
provide dispersion stability of the NPs, but also prevent particle residue during the CMP 
process. 
The main objective of the current thesis is to investigate the effect of some important 
parameters in designing CMP slurries, by understanding the adsorption behavior of PAA (as 
one of the highly interested additives in CMP) on the cerium oxide nanoparticles (CNP). We 
will investigate the effect of MW, concentration and the surface area of the CNP while keeping 
the pH constant. Besides, we correlate an experimental with modeling result to determine the 
relative importance of MW, WPAA/WCNP (concentration) of PAA and the surface area of the 
CNP on the adsorption of PAA on CNP. 
5 
 










                                                                             
 










(mixing CNP solution with PAA solution) 
        Results and discussion 
 
Measuring the PAA adsorption 
(TOC) 
 
CNP characterization: size, surface 
area, carbon content and zeta 
potential 
 
Preparation of 4 different shape CNPs 
Try to find best possible model to predict the adsorption 




CHAPTER TWO: ADSORPTION THEORY 
PAA is considered as a weak PE which has been greatly used for improving dispersion 
stability on the surface of NPs. It has a dissociation constant (pKa) of 4.75 and can be partially 
dissociated at intermediate pH, while fraction of charge can be modified by high pH. Physical 
properties of PE solutions, and also PE conformations, are usually strongly affected by the 
degree of fractional charge. The PE dissociation releases counter-ions, which directly affects the 
solution's ionic strength, and therefore the Debye length and electrostatic repulsive interactions 
between these charges (steric stabilization) and those electrostatic attractions with counter ions 
of NPs in solution lead to dispersion stability of the colloid. 
Adsorption mechanism of PAA on the surface of CeO2 will be presented in the next 
chapter and can be depicted as follows.  
  
Figure 1: Schematic of PE adsorption on metal oxide surface with positive charge.(left) and the 
bonding scheme between Ce atoms and PAA(right) [14]. 
In order to fully explain the effect of PE in the stability of NP, we should review the 
stability behavior of colloids. 
2.1. Forces in colloid stability  
One of the main important characteristics of a colloid is stability. Basically, the colloidal 
stability concept says whether particles in a colloid remain uniformly distributed or not. There 
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are two kinds of stability: 1) kinetic and 2) thermodynamic stability. The first one is dependent 
on time and the dispersed phase is immiscible in the continuous phase, whereas in the latter the 
dispersed phase is miscible in the continuous phase. In the case of thermodynamic stability, in 
order to achieve thermodynamically stable NPs, we should minimize the time dependence 
factors which lead to sedimentation of NPs and also prevent the aggregation of NPs. In this 
regard, we should know that predominant forces in colloids can be divided to: a) kinetic forces 
of particle in colloids consists of gravity, drag and Brownian motion forces and  b)interaction 
forces between many particles in colloid consist of van der Waals attraction and electrostatic 
repulsion force. In this regard, Deryagin, Landau, Verwey, and Overbeek (DLVO) developed a 
theory to explain the effect of salt on the stability of colloidal systems (the summation of van 
der Waal and electrostatic Double Layer (DL) Repulsive) and it is an important factor for 
stabilization of colloid without polymer. DLVO - theory:  
V=VR+VA  
Where VR and VA are DL repulsive and attractive van der Waals forces, respectively 
(see Figure 2). Where A : Hamakers constant, depends on the medium and R: Radius of NP. 
 
               Figure 2: How van der Waals attraction and Electrostatic repulsion act? 
Besides, in the presence of a polymer, we have steric repulsive forces: 
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When NPs are coated with a polymer layer, repulsive force of the polymer chains start to 
overlap if there is no attractive interaction between polymer chains .The range of this repulsion 
depend on size and density of polymers. The total forces in stability of NPs are as follows:  




Where v (d) is total force in colloid solution, 𝑅𝑔: is end to end chain length, k is 
Boltzman constant and d is NP diameter. In this formula, the first exponential term is steric 
repulsive and the second and last term are electrostatic repulsive and van der Waals attractive 
forces, respectively. The important parameters in these forces can be divided into physical 
parameters such as size, shape, and density of particles and surface parameters such as 
wettability, surface charge, etc.  
2.2. Polyelectrolyte (PE) and its dispersion stability mechanism 
The conformation of any PE polymer is affected by some important factors including 
polymer architecture, the solvent affinity and also the degree of charge which is related to the 
pH of the system. This leads to change of degree of dissociation of PE. Therefore, we 
investigate the effect of these factors on the adsorption of PE onto surfaces of CNP. 
As mentioned, the stability of colloid in the presence of the PE is based on the 
competition of steric and electrostatic repulsive forces versus van der Waals attraction force. 
Since there are different interference factors in the competition between the forces, the PE 
segments may undergo different conformations in the colloid solvent and in the adsorbed NP 
[32].The PE segment adsorbed onto the CNP can have three different conformations as follows: 
a) the trail, where the PE segments is in direct contact with the CNP surface. b) the loop, where 
the PE segments connects to the trail and c) the tail: where the PE segments is only connected to 
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the adsorbed surface at one end( it can be seen in the Figure 3). 
 
 
 Figure 3: Different conformations of PE segments on the surface of CNP. 
Fraction of electrolyte in trail, loop, and tail is affected by a) surface area, morphology 
and also surface charge of CNP  and b) MW, concentration and charge of PE (whether acid 
group of PE is weak or strong). For example, as shown in the Figure 3, the conformation of the 
PE changes by varying the PE concentration .This conformation is the random coil shape is 
high concentration ,while at low C of PE have more similar to rod coil conformation with train, 
loop, and tail structures. Also, increasing the pH help to associate PE and lead to rod coil 
conformation for some of weak acids like PAA. Because charges on the PE cause the segments 
of the polymer to repel each other via electrostatic repulsive (Double layer forces) , which 
causes the chain to expand and stretch conformation [13,32-35]. The fraction of PE in the train, 
loop, and tail have an important effect on the kinetic of reaction [14]. In order to investigate of 
the effect of train, loop, and tail on the effect on CNP, we should know how exactly PE acts in 
colloid solution. [13, 32-35]. 
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2.3. Adsorption of PAA to CNP or vice versa. Which is favorable?           
In order to answer this question, knowledge of the actual polymeric chain length is 
required. To measure the polymer chain length, we need a parameter that gives the information 
about the shape and size of polymers in solution, which can be ascribed as R:  
 
Figure 4: End to end distance(R) in polymeric chain [36]. 
This parameter R, is the end to end distance of the polymeric chain and has a range of 
values, which is mentioned in Table 2. 
Table 2: Range of end to end distance [36]. 
End to End distance in 
polymeric chain  
Possibility  
1-Max 1-This distance will be equal to the chain length in ideal situation, 
if the chain fully stretched out. 
 




But the real R is between two boundaries which can be addressed with Freely - Jointed 
Chain Model. This model present a chain of N links with equal length L which has no fixed 




Figure 5: End to end distance(R) in polymeric chain without limitation [36]. 
In this model for fully extended chain: R=NL and in the random walk conformation in 
solution, the end-to-end distance of a polymer chain R changes continuously. 
  
Figure 6: Actual end to end distance in polymeric chain with restriction [36]. 
According to the radial distribution function, freely-Jointed Chain , in a chain of N links 
of equal length L which has no fixed bond angle and no restricted rotation at any bond, the 
mean-square end-to-end distance is: ( 𝑅2) = 𝑁𝐿2 and with considering the limitation in the 
rotation 
( 𝑅2) = 𝑁𝐿2 ( 
1 − cos Ɵ
1 + cos Ɵ
) ∗
1 + cos ɸ
1 − cos ɸ
 






) ) can be 
considered as C∞ and is the characteristic ratio and is determined from the mean-field theory 
simulations. The estimated value of C∞ is about 19 which is valid when the ionic concentration 
of PAA-CNPs solutions is close to 0.01 M corresponding to the symmetrical electrolyte [37] , L 
is the length of a monomer of PAA which is taken to be 0.256 nm and N is the number of 
monomers in a PAA chain[14]. So the length of R in PAA chain can be calculated as Table 3: 
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( 𝑅2) = 𝑁𝐿2* C∞ R 
1200 92 13 16.2371 nm 4.029nm 
1800 72 25 21.1295 nm 4.596 nm 
8000 92 86 108.268 10.40  nm 
15000 92 163 203.0491 nm 14.249 nm 
Since R (length of end to end of polymer chain (PE) is lower than CNS size, it can be 
concluded that we have adsorption of polyelectrolyte on the surface of CNP. 
2.4. Characterization instruments: 
The specific surface area was calculated by N2 physio sorption instrument Brunauer 
Emmett and Teller (BET). Dynamic Light Scattering (DLS) phenomenon was used to measure 
the hydrodynamic diameter and zeta potential of the CNPs. The instrument used here was a Zeta 
Sizer Nano ZS by Malvern.   
Total Organic Carbon (TOC) was used for measuring total amount of carbon and also 
analysis includes three discrete steps: 1) acidification of the sample to remove inorganic 
carbonaceous material and purge able organic carbon (methane). 2) oxidation of the organic 
matter in the sample (typically via persulfate in a heated quartz tube) into CO2 and 3) Detection 
of the CO2 (typically by non-dispersive IR). Table 4 show the characteristic of the Shimadzu 








       Table 4: Characteristic of the Shimadzu TOC-5000A TOC Analyzer instrument. 
Characteristics Specification 
Sensitivity 4ppb to 4000ppm of total carbon and 4ppb to 5000ppm of 
inorganic carbon. 
Analytes TC, IC, TOC 
Method Combustion/non-dispersive infrared gas analysis method 
Combustion temperature  680° C 
Measuring range 4 ppb to 4000ppm TOC (to 5000 ppm for IC) 
Sample injection volume  4 to 2000 microlitr  
Analyte TC, IC, TOC ( = TC - IC) 
Method:  
 
TC: Catalytically aided combustion oxidation at 900° C 
IC: Pre-acidification, oven temperature 250°C 
 TIC and POC (Purge able Organic Carbon) such as benzene, toluene, cyclohexane and 
chloroform. 
2.5. Calculating the performance of the model: 
In the modeling methods, we have training and testing process for making and 
evaluating the network, respectively. We developed the network with training data and test the 
network performance on unseen testing data. Normally, data is divided into random process for 
testing and training. Then, the performance of networks namely is evaluated by following by 
Average Relative Deviation as follow:  















CHAPTER THREE: RESULTS AND DISCUSSION  
3.1. Material and methods  
CNP was prepared by the hydrothermal method by using the flowchart according to the 









3.2. Characterization results 
In hydrothermal method, the temperature of synthesis and concentration of precursor 
can affect the size and morphology of CNPs. In order to achieve a wide range of size and 
surface area, we synthesized four CNPs at different temperature and precursor concentrations. 






0.45 M  Ce(NO3).6H2O 
in 20 ml D.I water 
22.5 M NaOH in 20 ml 
D.I water  
Ce (NO3).6H2O 
Mix for 30 mins and Transfer the solution to 
hydrothermal chamber  
Reaction temperature: 120-180OC 
Reaction time: 1-72 hours 
 
After the reaction the solution washed with DI water and dried in the 








 Figure 7: TEM of various CNPs prepared at different temperature [43]. 
Since these CNPs have different morphology, nano rod and nano cubes, the aspect ratio 
and surface area can be better expressed for adsorption of polymer on these different 






50 nm 50 nm
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Table 5: BET surface area and aspect ratio of synthesized CNP. AS: Aspect ratio [43], SA: 




1-CNP1 CNR-1hr-120C 2.5 156.3 
2- CNP2 CNR-18hr-120C 10.74 104 
3- CNP3 CNR-72hr-120C 12.6 49.9 
4-CNP4 CNC-24hr-180C 1 72 
 
Table 6 describes the various types of PAA used in this thesis. 

















Average Mw ~1,200, 
45 wt. % in H2O 
density : 1.32 g/mL at 
25 °C 
refractive 




















average Mw ~8,000, 
45 wt. % in H2O 
density :  1.3 g/mL at 
25 °C 












average Mw ~15,000, 
35 wt. % in H2O 




* Degree of polymerization (DP) - Number if repeating units of the polymer 
3.3. Sample preparation (PAA coating on CNPs): 
Four different degree of polymerization (DP) of PAA consist of three PAA salts and one 
PAA( weight of repeating unit in PAA is 72 and in PAA salt is 92) is coated on four CNPs by 
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using the precipitation-re-dispersion method [44] with slight modification. Multiple samples of 
PAA coated CNPs are prepared in acidic pH in 5 different ratios of WPAA/WCNP from 5 to 20. So 








Figure 8: Steps of the sample preparation. 
The pH of solution is adjusted either by nitric acid (1N) or ammonium hydroxide (1N). 
All the experiments were conducted using triple DI water of resistivity (> 18.2 MΩ cm-1). 
Preparing samples with different WPAA/WCNP 4, 8, 12, 16 and 20 and setting their pH 
to 2.5-3 and Tables 7 and 8 show the composition of samples. 
Table 7: Preparation of 120 ppm CNP solution 
 Volume of D.I 
water (ml) 
CNP(mg) 
Master batch 500 120 





Four PAA master batch :  
four different MW 
2500mg in 500ml DI water  
HNO3 to achieve pH to 2.5-3  
Four CNP master batch : four different  
Morphology, 3 nanorod and 1 nanocube 
120mg CNP in 500 DI water 
 HNO3 to achieve pH to 2.5-3 
Preparing samples with different WPAA/WCNP of 4,8,12,16 and 20 
(by mixing 15 ml of each CNP master batch with 15 ml each PAA master 
batch Solution) and setting their pH to 2.5-3 




Table 8: Volume of PAA (5000ppm) needed for fixed weight ratios of PAA to CNP. 
Weight ratio, 
WR=WPAA/WCNP 
WPAA =WR* WCNP Required PAA(ml) 
(VPAA) 
Volume of D.I water 
=15 ml- VPAA 
4 14.4 2.88 12.12 
8 28.8 5.76 9.24 
12 43.2 8.64 6.36 
16 57.6 11.52 3.48 
20 72 14.4 0.6 
3.4. Measuring the adsorption (TOC results): 
There are different methods for measuring PE adsorption on NP. These techniques 
require separation of CNP from supernatant using centrifugation and quantification of PE either 
in supernatant or on the NPs. Some of these methods, a brief description with addressing some 
of the papers is presented in Table 9.  
Table 9: Methods of adsorption measurement. 
Measurement Methods Description 
Thermo-gravimetric 
analysis (TGA) 
Computing the organic content on NP and weight change of 
decomposition of NP slurry.[6] 
Electrokinetic 
[6,8,14] 
Plotting calibration curve from the conductivity of PE in the 
solution as a function of its C and obtaining conductivity of the 
supernatant from the calibration curve to quantify the amount of 
PE. 
Rheological  [7,33,34] Changes the viscosity of the solution without and with adsorbed 
amount of PE on NP or calculated thickness of adsorbed polymer 
layer . 
Spectroscopic methods 
such as FTIR [11] and 
UV-visible [12] 
Analyzing the supernatant for the characteristic peaks from the 
additive and the adsorbed amount is computed from the calibration 




Monitoring the electrophoretic mobility of the PE adsorbed NPs. 
and its modeling using the soft particle electrokinetics model and 
using that to compute the adsorbed amount. 
Accuracy of the adsorption and sensitivity are two of the important issue in adsorption 
measurement. Due to increased accuracy, sensitivity and less experiment time in comparison, 
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TOC was used in this study [44].  
During sample preparations, the pH of the samples were adjusted to 9.5-10 and allowed 
sufficient time for equilibration. These samples were then used for TOC analysis. Measuring the 
adsorption was carried out in TOC by subtracting the organic carbon of the supernatant from 
that of the main sample. In order to get the supernatant of samples, 10 ml of 30 ml from each 
one of the prepared samples was used for calculating organic carbon in the main sample.  
10 ml of the PAA/CNP mixture is used for supernatant preparations. In this step, the 10 
ml mixture is centrifuged in 5 tubes, for 30 min at 12000 rpm. After centrifugation, the 
supernatant from each tube (1ml) was collected. Then, TOC was performed to this supernatant 
which was diluted with D.I water. Finally, we calculate the adsorbed amount of carbon by 
subtracting the carbon content in the supernatant and the main sample. 
The process of working TOC is based on burning the organic content of the sample. 
This amount is represented by TOC area and can be converted to ppm (mg/ml) of carbon 
according to :  
Y = a + b*X 
where Y is TOC area , X is the ppm of carbon , and a and b are intercept and slope , 
respectively ,which is calculated from the calibration curve of different used PAA. The 
calibration curve for converting TOC raw data to carbon ppm for PAA with different DP are 
presented in Figures 9-12.Also, changing adsorption amount with increasing   WPAA/WCNP with 


























































































Figure 16: Effect of increasing DP on the adsorption for CNC. 
As it can be seen from the Figures 13-16, the effect of increasing DP on the adsorption 
is more in the high WPAA/WCNP. 
3.5. Analysis Experimental Results  
In order to understand the effect of CNPs surface area, DP of polymer and WPAA/WCNP 






















































1 156.318 13 4 0.002425 41 49.9 13 4 0.002348 
2 156.318 13 8 0.004599 42 49.9 13 8 0.00459 
3 156.318 13 12 0.00674 43 49.9 13 12 0.007236 
4 156.318 13 16 0.009136 44 49.9 13 16 0.00954 
5 156.318 13 20 0.01186 45 49.9 13 20 0.011914 
6 156.318 25 4 0.002385 46 49.9 25 4 0.002468 
7 156.318 25 8 0.004844 47 49.9 25 8 0.00479 
8 156.318 25 12 0.007412 48 49.9 25 12 0.007212 
9 156.318 25 16 0.011269 49 49.9 25 16 0.010226 
10 156.318 25 20 0.012512 50 49.9 25 20 0.01217 
11 156.318 86 4 0.002202 51 49.9 86 4 0.002339 
12 156.318 86 8 0.004245 52 49.9 86 8 0.004771 
13 156.318 86 12 0.006635 53 49.9 86 12 0.007113 
14 156.318 86 16 0.008944 54 49.9 86 16 0.0096 
15 156.318 86 20 0.010673 55 49.9 86 20 0.011349 
16 156.318 163 4 0.002206 56 49.9 163 4 0.002309 
17 156.318 163 8 0.004475 57 49.9 163 8 0.004764 
18 156.318 163 12 0.006746 58 49.9 163 12 0.006277 
19 156.318 163 16 0.008947 59 49.9 163 16 0.009262 
20 156.318 163 20 0.011455 60 49.9 163 20 0.011642 
21 104 13 4 0.002225 61 72 13 4 0.002649 
22 104 13 8 0.004429 62 72 13 8 0.005047 
23 104 13 12 0.007112 63 72 13 12 0.007532 
24 104 13 16 0.010412 64 72 13 16 0.010017 
25 104 13 20 0.013137 65 72 13 20 0.012507 
26 104 25 4 0.002368 66 72 25 4 0.002367 
27 104 25 8 0.004969 67 72 25 8 0.004949 
28 104 25 12 0.007186 68 72 25 12 0.007141 
29 104 25 16 0.009872 69 72 25 16 0.010026 
30 104 25 20 0.012254 70 72 25 20 0.012492 
31 104 86 4 0.004373 71 72 86 4 0.002387 
32 104 86 8 0.008549 72 72 86 8 0.004569 
33 104 86 12 0.012842 73 72 86 12 0.006927 
34 104 86 16 0.017598 74 72 86 16 0.008991 
35 104 86 20 0.021517 75 72 86 20 0.011546 
36 104 163 4 0.0024 76 72 163 4 0.002324 
37 104 163 8 0.004915 77 72 163 8 0.004482 
38 104 163 12 0.007176 78 72 163 12 0.006782 
39 104 163 16 0.009483 79 72 163 16 0.00883 














Min1 11 156.38 86 4 0.002202 
Min2 16 156.38 163 4 0.002206 
Max1 25 104 13 20 0.013137 




 Figure 17: Adsorption amount versus number of experiment. 
 
 
According to Table 12 and Figure 10 
The adsorption of PAA on CNP is maximum for the 
25th and 65th experiments   
 (points 1 and 2 in the figure) 
And minimum for the 11th  and 16th  experiments  
(points 1 and 2 in the figure) 
 
The marked regions shows the effect of the 
WPAA/WCNP on the adsorption behavior. The upper 
region corresponds  to the samples whose  
WPAA/WCNP is equal to 16  
While  
The upper region corresponds  to the samples whose  




As it can be seen from Table 10 and Figure17, the minimum and maximum adsorption 
values corresponds to the DP value of 8000 and 15000, respectively. 
It is believed that PAA adsorption on nanoparticles increases with the increase in the 
concentration, DP and surface area [33-34-35]. With increasing the DP, the number of 
carboxlylic group in PAA and ionic strength will increase. The amount of charge density is 
ascribed to the number of carboxlylic groups in the adsorbed polymer and it can be concluded 
that adsorption of PAA on the CNP increases with the increase in DP of PAA. But here, the 
converse behavior was observed (decreasing adsorption with increasing DP). Bridging 
flocculation of PAA can be the reason for this behavior. With increasing the DP, the polymeric 
chain act as a bridge between two nanoparticles and leads to an attraction force [33, 34, 35]. 
This attraction force can lead to agglomeration of CNP and their sedimentation, which leads to 
the decrease in amount of adsorption of PAA on the CNP. Figure 18 shows the bridging 
flocculation attraction force in the colloid system in the presence of PAA. 
 
Figure 18: Bridging flocculation attraction force in the colloid system in the presence of PAA 
[48]. 
In case of surface area, it is believed that with increasing the surface area, the adsorption 
sites will increase.  But, our results don’t show this trend. This discrepancy can be attributed to 
the different surface energy of nanostructures. More stable nanoparticles have high surface 
energy and don’t have a high tendency to adsorb the PAA. While, less stable nanoparticles has a  
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higher tendency for PAA adsorption. 
Also, Figure 17 presents the effect of WPAA/WCNP on the adsorption amount. As 
mentioned earlier, the upper marked regions corresponds to the samples whose WPAA/WCNP 
equal to 16 .While the lower marked region corresponds to the samples whose WPAA/WCNP 
equal to 8.  It can be seen that there are more changes in adsorption in the higher concentration 
WPAA/WCNP. This states the importance of WPAA/WCNP in adsorption of PAA on CNP and 
we can say the order of increasing adoption is the same as the order of increasing WPAA/WCNP. 
In summary, from the Table 10 and also Figure17, we can present the order of 
decreasing adsorption in each investigated parameters separately (surface area, DP and 
WPAA/WCNP): 
Table 11: Order of decreasing adsorption in each investigated parameters separately. 
Parameter  Order of decreasing the adsorption 
Surface area 104>72>49>156.3 
DP 13>25>86>163 
WPAA/WCNP 
(concentration of PAA) 
20>16>12>8>4 
There are some contributing factors in the adsorption of PAA on CNP. Correlation of 
these factors with adsorption results will be investigated in the following sections: 
3.5.1. Acidity of PAA and fraction of dissociation of PAA salts 
 PAA and PAA salt have different degree of dissociation in same pH. In case of PAA, 
Each carboxylic acid group can dissociate in high pH according to R-COOH →R-COO-+H+ for 





And the fraction of ionized carboxylic acid groups(α) of the monobasic polyelectrolytes 
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was obtained using the Henderson– Hasselbalch equation [6], in this equation the equilibrium 
constant is related to the degree of dissociated acid groups at equilibrium.  
pH = pKa + log
[RCOO−]
[RCOOH]
 , pKa = pH − log(
α
1−α
 )   
While for PAA salt, each carboxylic acid group can dissociate according to: 
R-COONA →R-COO-+ NA+ 





And according to Henderson– Hasselbalch equation   
pH = pKa + log
[RCOO−]
[RCOOH]
 , pKa = pH − log(
α
1−α
 )  
Since we have PAA salt, it is better to use reaction quotient 𝑝𝑄𝑎 instead of pKA for the 
dissociation constant of carboxylic acid [13].  
From the above equation it is clear at pH equal to pKa, half of the carboxylic acid 
groups are dissociated (α = 1/2) . Figure 19 and Table 12 illustrates the relationship between 
pH and α;  as the pH decreases, the value of α also decreases.  
There is no established value for the pQa of PAA salt. However, considering the effects 
of sodium from the PAA salt and the lower dissociation constant of the salt versus the acid, it 
can be assumed that the pQa is near to 4. Additionally, this assumption is substantiated by 




Figure 19: Changing of 𝛼 with changing pH. 
 
 
Table 12: Changing of 𝛼 with changing pH for PAA and PAA salt. 




2 0 0.01 
2.5 0 0.03 
4 0.15 0.5 
4.74 0.5 0.85 
6 0.95 1 
9.5 1 1 
The important thing here is that adsorption behavior of PAA/CNP is influenced by 
changing the α through pH. First, we review the adsorption behavior of PAA/CNP for 
precipitation/re-dispersion method. In this method PAA/CNP was mixed at pH 2.5-3 and then 
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pH was increased to 9-10 in order to increase the colloidal stability range.  
In acidic media, a positive charge is produced on the CNP surface. This stabilizes the 
CNPs, by producing electrostatic repulsions between particles, and allows for PAA adsorption 
through an electrostatic attraction (between de-protonated carboxylic groups of PAA and the 
charged CNP surface) [14]. In the other expression, COOH group of PAA can act as a proton 
donor or acceptor and adsorption may take place by hydrogen bonding between surface MOH 2+ 
sites(M  here is Ce) and the carboxylic group [13]. Let us consider this mixing, step-by-step, 
and see what happens upon mixing.  
Pettersson et al [13] mentioned that the metal oxides can hydrolyze in the presence of 
water to form hydroxide layers containing MOH groups, reacting with the charge-determining 
species protons or hydroxyl ions according to MOH2
+ =MOH =MO-+ H2O  (in acidic and basic 




,Ce[48].  So, we have dispersed positively charged CNP which mix with the PAA in pH of 2.5-
3 in the participation step. Then, in the re-dispersion step we increase pH of the system to 9-10. 
In this pH, we have dispersion stability of PAA/CNP due to electrostatic repulsive forces 
between the negatively-charged PAA and CNP surface. Besides this, there are intramolecular 
electrostatic repulsions in the PAA chain between completely ionized, negatively-charged 






Figure 20: Scheme representation of PAA2K-coated cerium nanoparticles obtained through the 
precipitation re-dispersion process [44] . 
Of course the fraction of dissociation α is different for PAA and PAA salt in acidic pH 
which is presented in Figure 19. As can be seen from Figure 19, in acidic pH of 2.5-
3(precipitation stage of mixing PAA/CNP in current study), the degree of association of –
COOH for the salt is 0.05. This different amount of COO- in 2.5-3 pH have an effect on mixing 
PAA/CNP (there are more –CeO- in pH 2 which can lead to a decrease in the adsorption of 
PAA on the surface of CNP because of less available –OH groups attached directly to PAA 
segment.  
3.5.2. Effect of surface charge  
The pH of 2500 mg PAA in 500 ml D.I water was 3.5 while the pH’s of each 
formulation of 2500 mg PAA salt in 500 ml D.I were 8.2, 8.6 and 8.3 for PAA salt with DP of 
13, 86 and 163 , respectively). This pH of the salt solution required the addition of more HNO3 
to bring the pH to 2.5-3, as comparable to PAA. So, there will be more NO3
- in the salt 
solutions. These ions can become adsorbed on the surface of positively charged cerium oxide in 
the acidic pH (2.5-3) and occupy some adsorption sites of CNPs for adsorption of PAA salts. 
This can be one of the main reasons for high adsorption of PAA on the CNP in comparison to 
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adsorption of PAA salt on CNPs.  
Zeta potential measurements in Table 13 showed CNP coated by PAA has minimum 
zeta potential and supported the high adsorption of PAA on the CNP.  
Table 13: Zeta potential (ZP) of different CNPs and effect of MW on ZP of CNPs. 
DP CNR1 ZP CNR2 ZP CNR3 ZP CNC ZP 
13 PAA salt   -38 PAA salt  -48 PAA salt  -44.1 PAA salt  -32 
25 PAA  -50 PAA  -60 PAA  -59.9 PAA  -16.9 
86 PAA salt -40 PAA salt -49 PAA salt -40.3 PAA salt -50.1 
163 PAA salt -42 PAA salt -52 PAA salt -43.3 PAA salt -39.4 
 ZP: Zeta potential 
In summary, there are several important parameters specific to the adsorption behavior 
of PAA/CNP systems and in the deviation of their results from ideal adsorption. These 
parameters are 1) the different COO- dissociation constants of PAA and PAA salt 2) CNPs with 
different morphology and zeta potential 3) less dispersion of the experimental CNP powders in 
water which lead to a great amount of sedimentation before surface adsorption of PAA. 
According to the experimental results, the relative adsorption value for different CNP 
formulations can be expressed, in order of decreasing adsorption for each experimental 
parameter (mentioned in Table 11), as:  
For surface area (m2/g): 104>72>49>156.3 
For DP: 13>25>86>163 
And for WPAA/WCNP: 20>16>12>8>4 
Also, among these three parameters, the WPAA/WCNP has a more important effect on the 
adsorption behavior of PAA/CNP. However, the importance of DP and surface area is not clear. 
In the modeling step, we tried to model the adsorption behavior of PAA /CNP using 
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these three parameters. This modeling will help us to predict the effects and importance of these 
factors on the adsorption behavior.  
3.6. Modeling results 
Since the effect of three variables on the adsorption amount of PAA on the CNP is not 
completely clear (we can only have a relative expression of their importance), we tried to model 
their effects and make comparisons of the performance of these models. In this regard, different 
ANN and ANFIS intelligence modeling tools were used and compared with the Multivariable 
Linear Regression (MLR) method.  
3.6.1. Results and Discussions of designed models 
The total used data for our modeling part is illustrated in the Figure17 and Table 10. As 
can be seen, the surface area of CNP, DP of PAA and WPAA/WCNP were used as input variables 
and the adsorption amount on CNPs as the output for the building models. Figure 21, 22 shows 
the typical ANFIS and ANN network used for this project, respectively. 
There are some technical variables in the architecture of ANN such as initial weights, 
number of hidden layer and number of neuron in each hidden layer, learning algorithm and 
those parameters which can affect the accuracy of networks. Also there are some variables in 
ANFIS such as learning method, number of rules and shape of membership function (MF). 
Optimization of each one of these parameters can help us to achieve more accurate networks. 
Trial and error methods and optimization methods such as genetic algorithm are two of these 
methods to get the optimum structure of the networks. In this thesis, traditional trial and error 
methods were used to find an optimal model for both the ANN and ANFIS methods. The m.file 
editor of MATLAB software was used to allow for the ability to control parameters [40].  
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In applying ANFIS network, it should be mentioned that there are three types of 
methods for input space partitioning and setting rules which is presented in Table14. 
Table 14: Method of working ANFIS networks and method of extracting rules. 
Methods in ANFIS MATLAB 
name 
Method of extracting rules 
grid partitioning Genfis1 Enumerating all possible combinations of MFs of 
all inputs with initialization of the MF parameters. 
sub-clustering Genfis2 At first, use the subclust function to determine the 
number of rules and MFs, then, uses linear least 
square estimation to determine each rule’s  equations 
Fuzzy c-means 
(FCM) clustering 
Genfis3 Generates a FIS structure of the specified type and 
allows you to specify the number of clusters to 
be generated by FCM. 
One of the disadvantages of the grid partitioning method is that in this method the 
number of fuzzy rules increases exponentially with the number of input variables [19]. For 
example if we have 3 inputs and four MF for each input, the total number of rules is equal to: 
34=81 rules. In order to remove the problem of high number of rules, Genfis2 and Genfis3 were 
presented. 
We built three ANFIS with different number of rules and one ANN model consisting of 
two hidden layers, five and four neurons in first and second layers, respectively. Also, the 
results of these four networks were compared to the Multivariable linear regression (MLR) 
method. Accuracy performance of the training and testing data in these networks were 
presented by the percent of average relative deviation (ARD %) defined as: 








 × 100 
Where 𝑡𝑖 is the target value, 𝑦𝑖 is the model output and  𝑁 is the total number of 
experimental data. The comparison of 𝐴𝑅𝐷%  for different used ANFIS, ANN and also MLR 
39 
 
models is also illustrated is Table 15. The obtained results indicate that the best performance  
(lowest  𝐴𝑅𝐷% ) belongs to the Genfis 3 model which uses the fuzzy c-mean clustering method 
to model adsorption behavior of system. 
Table 15: Performance comparison of ANFIS with different number of rules, ANN and 





ANFIS Network   
Genfis3 with 5 rule 1.79 6.5 
Genfis3 with 5 rule 1.88 3.482 
Genfis 2 with 21 rule 2.638 9.297 
Genfis3 2 with 13 rule 2.81 6.12 
Genfis3 1 with 27 rule 2.9 4.943 
ANN Network   
5 and 4 hidden layer 1.989 6.31 
MLR 2.796 4.25 
Multivariable linear regression  
Variables  X Y Z XY XZ YZ XYZ Constant 
Coefficient *    -0.006   -0.002 0.7278 0.000 -0.0010 -0.0003 0.0000 0.3068 
* Coefficient of  1.0e-03  
Figure 21 shows the scheme of the input/output in the designed ANFIS model. Figure 
23-26 also represents the performance of ANFIS models for adsorption of PAA/CNP. Figures 
23 and 24 represent linear regression for training and testing data, respectively and Figures 25 
and 26 represent the adsorption amount versus the number of experiments for training and 











Figure 21: Scheme of the input/output in the designed models in ANFIS model. 
 























Figure 23: Regression of predicted versus real adsorption (56 sample for training model) in 











Figure 24: Regression of predicted versus real adsorption (24 sample for testing model) in 







Figure 25: Adsorption versus number of records (56 sample for training model) in designed 









Figure 26: Adsorption versus number of records (24 sample for testing model) in designed 
 Genfis 3 model. 
        In the modeling of adsorption behavior of PAA on CNPS, in the ANFIS network, we made 
use of fuzzy rules with a neural network training algorithm. Figure 17 represents the MFs of 








Figure 27: Membership function (MF) of surface area in the fuzzy model. 
Increasing the complexity of the system being modeled requires increasing the number 
of MFS. Using 3 MFs (low, average and high) for fuzzy expression of each parameter, we 
obtained acceptable results for modeling the adoption behavior. Figure 27 presents these MFs 
for surface area. In this regard, the total number of rules is equal to the number of inputs times 












Table 16: Extracted Rules in the ANFIS network. 
 If Then 
Rules SA(m2/g) DP WPAA/WCNP Adsorption amount(mg) 
1 Low Low Low F1p1 m q1 n  r1 os1 
2 Low Low Average F2 p2 m q2 n  r2os2 
3 Low Low High F3p3m q3n  r3os3 
4 Low Average Low F4 p4 m q4 n  r4 os4 
5 Low Average Average F5p5 m q5n  r5os5 
6 Low Average High F6 p6 m q6 n  r6 os6 
7 Low High Low F7 p7 m q7 n  r7os7 
8 Low High Average F8p8 m q8n  r8os8 
9 Low High High F9p9 m q9 n  r9os9 
10 Average Low Low F10 p10 m q10 n  r10os10 
11 Average Low Average F11p11m q11n  r11os11 
12 Average Low High F12p12m q12n  r12os12 
13 Average Average Low F13p13 m q13n  r13os13 
14 Average Average Average F14p14m q14n  r14os14 
15 Average Average High F15p15m q15n  r15os15 
16 Average High Low F16p16m q16n  r16os16 
17 Average High Average F17p17m q17n  r17os17 
18 Average High High F18p18m q18n  r18os18 
19 High Low Low F19p19m q19n  r19os19 
20 High Low Average F20p20m q20 n  r20os20 
21 High Low High F21p21m q21n  r21os21 
22 High Average Low F22p22m q22n  r22os22 
23 High Average Average F23p23m q23n  r23os23 
24 High Average High F24p24m q24n  r24os24 
25 High High Low F25p25m q25n  r25os25 
26 High High Average F26p26m q26n  r26os26 
27 High High High F27p27m q27 n  r27os27 
Expressing these 27 fuzzy models is as follow: 
Rule 1: if (surface area is low) and (DP is low) and (WPAA/WCNP is low) then  
Output of Rule 1= F1= p1 m +q1 n + r1 o+s1 
Rule 2: if (surface area is low) and (DP is low) and (WPAA/WCNP is average) then  
Output of Rule 2= F2= p2 m +q2 n + r2 o+s2 
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Rule 3: if (surface area is low) and (DP is low) and (WPAA/WCNP is high) then  
Output of Rule 3= F3= p3 m +q3 n + r3 o+s3 
….. 
Which m, n and o are surface area, DP and WPAA/WCNP, respectively. Also, p1,q1,r1 
and s1 are the coefficients of the MFs for 1th rule and p2,q2,r2 and s2 are coefficients of MFs of 
2th rule and so on. This coefficients work as adjusting parameters for fuzzy model and update 
during neural network learning algorithm of fuzzy model in ANFIS.  
An interpretation of the fuzzy inference diagram in ANFIS network can be seen in Figure 28. 
 
Figure 28: Interpreting of the Fuzzy inference diagram in ANFIS network [41]. 
This figure expresses that each input comes through all of the existing designed rules, is 
assigned a value and these values are combined to produce an output of the model. 
An example fuzzy rule is presented as follow: 
If (Input 1 is A) and (Input 2 is B) then output= f(Input 1, Input 2)  
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Where A and B are MFs  
Figure 28 shows the meaning of the fuzzy expression of low, average and high for the 
surface area. As can be seen, for a surface area near to 78(m2/g) the degree of MF of low is 0.5 
and degree of MF of average is 0.5. This means that in the surface area of 78(m2/g) is only 
assigned the value of 0.5 low and 0.5 average during rules 1 to 18. But, it doesn’t have any 
degree of high MF and it is assigned zero during rules 19 to 27. Figure 18 represents an input 
passing through the rules for 103 m2/s surface area, 88 DP and 12 WPAA/WCNP. 
 
Figure 29: An input passing through the rules for 103 m2/s surface area , 88 DP and 12 
WPAA/WCNP. 
It is clear from Figure 29 that we can predict the adsorption amount of PAA on CNPs in 




To correlate the experimental and modeling results, understanding the relative 
importance of input variables on the adsorption stability is very important. This work can be 
done by calculating the coefficient of MF in Table 16 as follow [40]: 
Relative importance of each input parameter =  
𝑆𝑢𝑚|coefficients of MF of input on each fuzzy rule|
𝑆𝑢𝑚|coefficients of MF of total inputs on each fuzzy rule|
 
The relative importance results of parameters are presented in the Figure 30 and show 
the highest importance of WPAA/WCNP (the same as experimental results). Besides this, in the 
experimental section we couldn’t define the importance of SA and DP. However, the modeling 
results show that surface area is more important than DP and also offered the percent of this 
importance. 
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CHAPTER FOUR: CONCLUSION  
Colloidal stability of CNPs plays an important role in the performance of slurries for 
chemical mechanical planarization .PAA is an additive of high interest which helps to increase 
the colloidal stability of CNP slurries. Understanding the adsorption behavior of PAA on CNPs 
and the importance of different parameters in this adsorption can help us to control the overall 
stability of CNP slurries. In this regard, the effect of three parameters (surface area of cerium 
oxide, molecular weight of PAA, and the relative weight fraction of PAA) were investigated in 
the adsorption of PAA/CNP. In this thesis, we used CNP nanocubes and nanorods, produced via 
hydrothermal method. Also, four different degree of polymerization (DP) of PAA, consisting of 
one PAA powder and 3 PAA salt solutions, were used. Finally, a precipitation/re-dispersion 
method was used for mixing PAA/CNP in 5 different WPAA/WCNP. TOC was used for 
adsorption measurements of PAA/CNP by subtracting the carbon content of the supernatant 
from that of the main sample.  
The experimental results show that the relative fraction of PAA has the most significant 
effect on the adsorption of PAA/CNP,  representing of the stability of cerium oxide-based CMP 
slurries. However, these results couldn’t define the importance of SA and DP. In this regard, 
ANN and ANFIS modeling techniques were used to predict adsorption behavior and the relative 
importance of the SA of CNPs, DP and WPAA/WCNP on the colloidal stability. Among the 
modeling methods used, GENFIS-3 model showed the best performance for adsorption 
behavior of PAA/CNP with an average relative deviation of only 6.5%. Specifically, 27 fuzzy 
rules can model the adsorption behavior of the PAA/CNP in different CNP structures, DP and 
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WPAA/WCNP. This high performance model supports the experimental results, indicating 
WPAA/WCNP as the most influential parameter in PAA/CNP adsorption. More importantly, 
results of this model suggest that SA is the second most important factor for PAA/CNP 
adsorption, based on the percentages of relative importance for input parameters (with 
percentages obtained from the membership function(MF) fraction of coefficients for the input  
parameters in the fuzzy rules). In summary, the modeling results showed that ANN and ANFIS 
modeling tool can give a good correlation to the experimental results and can express the 
percentage of relative importance of theses parameters in the colloidal stability of CMP slurries. 
Consequently, the findings of this thesis help us to better understand the optimum composition 





































Artificial intelligence (AI) is a technique which tries to show how to create computers 
and computer software cable of intelligent behavior and is highly interdisciplinary field , in 
which number of professions coverage ,including computer science, science, mathematics, 
psychology and etc. There are a large number of tools which are used in AI, including versions 
of search and mathematical optimization, logic, methods based on probability and economics   
and many others [38]. Nowadays, AI methods including ANN and ANFIS have been proven as 
high potential tools with acceptable accuracy for the modeling of engineering systems.  
Taking patterns from biological neural networks, ANN models try to simulate brain 
performance [39]. The brain can learn from environmental events and can recognize appropriate 
decisions when faced with an unfamiliar event. Figure 31 shows a one-to-one correspondence 
between biological neural network and ANN. 
 
Figure 31: One to one corresponding between biological neural network and ANN. 
Similar to Figure 31, the neural network is comprised of parallel full-connection 
computation units arranged in layers which mimic the physiologic structure of the brain. These 
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networks have been developed for a wide variety of problems such as, classification, function 
approximation, and prediction. In ANN, weights are multiple connections within and between 
the layers which indicate the strengths of connections between neurons that are updated in the 
learning process. A neural network learns by determining the relation between the inputs and 
outputs through a trial and error process (the learning process) by adjusting weights. [40]  
Fuzzy models, also known as fuzzy if-then rule systems, try to present relations between 
significance and precision via mathematical functions [41]. Totally, fuzzy model consist of 
three components:1)fuzzy set 2)fuzzy if-then rules and 3)fuzzy inference system.  
1) Fuzzy set: In contrast to classical sets, fuzzy sets are not constrained by crisp 
boundaries: they are defined by MF. 
2) Fuzzy if-then rules: In order to make decisions in an environment of uncertainty and 
imprecision, we employ fuzzy if-then rules.  
3) Fuzzy inference system: these inference systems help to extract outputs from sets of if 
–then rules .[41]  
In order to remove the disadvantages of both ANN (has no clear structure) and fuzzy 
inference system (needs knowledge on an expert), a combination of fuzzy systems with ANN,  
Adaptive-Neuro-Fuzzy Inference System (ANFIS) has been widely used. Using a given 
input/output data set, the ANFIS constructs a fuzzy inference system (FIS) with MF parameters. 
FIS parameters incorporated with the MFs change throughout the learning process and these 
parameters have similar functionality to weights in neural networks. Figure 32 shows a 








































MLP as BP ANN 
close all 
clear all  




data = data'; 
 
for i=1:4 
    [data(i,:) PS(i)] = mapminmax(data(i,:), 0, 1); 
End 
 
data = data'; 
n = 4; 
target = data(:,n); 
tr_size = 0.7;[l,w] = size(data); p = randperm(l); 
tr_data = data(p(1:l*tr_size),:);tst_data =data(p(l*tr_size+1:l),:); 
 
trfeatures = tr_data(:,1:end-1)'; trlabels= tr_data(:,end)'; 
tstlabels = tst_data(:,end)';tstfeatures = tst_data(:,1:end-1)'; 
 
net = newff(trfeatures,trlabels, [5 4], {}, 'trainlm'); 
% Learning coefficient; net.trainParam.lr = 0.2; 
% Momentum coefficient; net.trainParam.mc = 0.4; 
% Maximum validation check; net.trainParam.max_fail = 8; 
% Maximum number of epochs; net.trainParam.epochs = 400; 
 
net = train(net,trfeatures,trlabels); 
out = sim(net,trfeatures); 
out = mapminmax('reverse', out, PS(n)); 






out2 = sim(net,tstfeatures); 
out2 = mapminmax('reverse', out2, PS(n)); 
t2 = mapminmax('reverse', tstlabels, PS(n)); 
raete= mean(abs(out2-t2)./t2)*100; 




2-ANFISE network consist of GENFIS 1, GENFIS2 AND GENFIS 3 
load Adsorption.txt 
data= Adsorption; data = data'; 
 
for i=1:4 
    [data(i,:) PS(i)] = mapminmax(data(i,:), 0, 1); 
end 
data = data'; 
 
n = 4; target = data(:,n); 
tr_size = 0.7;[l,w] = size(data);p = randperm(l); 
tr_data = data(p(1:l*tr_size),:);tst_data = data(p(l*tr_size+1:l),:); 
 
trfeatures = tr_data(:,1:end-1);trlabels= tr_data(:,end); 
tstlabels = tst_data(:,end);tstfeatures = tst_data(:,1:end-1); 
   
%Genfis 3 
%be dard nmikorein_fismat = genfis3(trfeatures, trlabels); 
%in_fis = genfis3(trfeatures, trlabels, 'sugeno',5); 




%in_fis = genfis2([trfeatures, trlabels],0.6); 
%out_fis = anfis([trfeatures, trlabels], in_fis, epoch_n ) 
 
%Genfis 1 
numMFs = [3 3 3]; 
mfType = char('gbellmf','gbellmf','gbellmf'); 
in_fis = genfis1(tr_data,numMFs,mfType) 
out_fis = anfis(tr_data, in_fis, epoch_n ) 
 
%for genfise 1, genfise 2 and genfise 3 
out= evalfis(trfeatures,out_fis);  
out= mapminmax('reverse', out, PS(n)); 
t = mapminmax('reverse', trlabels, PS(n)); 
raetr = mean(abs(out-t)./t)*100; aetr = mae(out-t); 
 
[out2,IRR,ORR,ARR]=evalfis(tstfeatures,out_fis); 
out2 = evalfis(tstfeatures,out_fis); 
out2 = mapminmax('reverse', out2, PS(n)); 
t2 = mapminmax('reverse', tstlabels, PS(n)); 
raete= mean(abs(out2-t2)./t2)*100;aete= mae(out2-t2); 











 load Adsorption.txt 
data= Adsorption 
data = data'; 
for i=1:4 
    [data(i,:) PS(i)] = mapminmax(data(i,:), 0, 1); 
end 
data = data';n=4 
tr_size = 0.7; 
[l,w] = size(data);p = randperm(l);tr_data = data(p(1:l*tr_size),:); 
tst_data = data(p(l*tr_size+1:l),:); trfeatures = tr_data(:,1:end-1); 
in=trfeatures;trlabels= tr_data(:,end); out=trlabels 
tstlabels = tst_data(:,end); 





    %for i=1:size(X,1) 
       % for j=1:3 
       % X2(i,j)=X(i,j)^2; 
       % end 
   % end 
    for i=1:size(X,1) 
        XY(i)=X(i,1)*X(i,2); 
    end 
    for i=1:size(X,1) 
        YZ(i)=X(i,3)*X(i,2); 
    end 
    for i=1:size(X,1) 
        XZ(i)=X(i,1)*X(i,3); 
    end 
    for i=1:size(X,1) 
        XYZ(i)=X(i,1)*X(i,2)*X(i,3); 
    end 
  
    %INPUT=[X X2 XY' YZ' XZ' XYZ' ones(size(X,1),1)]; 
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    INPUT=[X XY' YZ' XZ' XYZ' ones(size(X,1),1)]; 
    a=pinv(INPUT)*y; 
     %in121=[in in.^2 ones(size(in,1),1)]; 
b=regress(out,INPUT); trainout=INPUT*b;realout=out; 
trainout = mapminmax('reverse', trainout, PS(n)); 








     for i=1:size(w,1) 
        wY(i)=w(i,1)*w(i,2); 
    end 
    for i=1:size(w,1) 
        yZ(i)=w(i,3)*w(i,2); 
    end 
    for i=1:size(w,1) 
        wZ(i)=w(i,1)*w(i,3); 
    end 
    for i=1:size(w,1) 
        wYZ(i)=w(i,1)*w(i,2)*w(i,3); 
    end 
  
INPUT1=[w wY' yZ' wZ' wYZ' ones(size(w,1),1)]; 
trainout1=INPUT1*b; realout1=out1 
 trainout1 = mapminmax('reverse', trainout1, PS(n)); 




And these code run for display and plotting the results for both ANN and ANFIS Networks 
disp('Results:') 
disp('Relative Absolute Percent Error of each data as test') 
disp('    Test(%)   Train(%)') 
disp([raete' raete']) 
disp('Mean of Relative Absolute Percent Errors') 
disp('    Test(%)   Train(%)') 
disp([mean(raete) mean(raete)]) 
disp('Absolute Error of each data as test') 




disp('Mean of Absolute Errors') 
disp('     Test      Train') 
disp([mean(aete) mean(aetr)]) 
 
figure (1); x=[0:0.0001:0.025 0:0.0001:0.025]; 
y=[0:0.0001:0.025 0:0.0001:0.025]; 
plot(x,y) 
xlabel('Real value');ylabel('Predicted value'); 
hold on% scatter(out,t,'filled','blue') 
hold on %scatter(out2,t2,'filled','red') 
legend('y=x','Training data by ANN','Testing data by ANN'); 
figure(2) 
plot(t,'-ob') 
hold on% plot(out,'--or') 
ylabel('Adsorption Amount(mg)');xlabel('Number of Records'); 





ylabel('Adsorption Amount(mg)');xlabel('Number of Records'); 







%[output, IRR, ORR, ARR]= evalfis(input,fismat) 
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